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Background
• Successful Gene-environment interaction(GxE) study
o Genome-wide genetic data

o Robust measurements of environmental risk 

factors

o A sufficient number of cases for the disease or 

trait of interest

Methods
• We utilized the marginal distributions of age at 

recruitment, sex, region of residence, and Townsend 

index among both UKB invitees and participants to 

estimate the liability of participation (Figure 1).

• We calculated participation probability for each UKB 

individual based on estimated liability. Sampling 

weight was constructed as the inverse of participation 

probability.

• We used the estimated liability to adjust for 

participation bias in GWAS via Heckman correction3.
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Background
• UK Biobank (UKB) invited about 9,000,000 people in 

order to obtain 500,000 respondents, which means the 

participation rate is merely above 5%. Also, there are 

systematic differences between participants and 

invitees1 (Figure S1 and Table S1).

• Participation bias due to nonresponse could 

contaminate the results of genetic studies2. Here, we 

propose a framework to estimate the liability of 

participation and use the estimated liability to adjust 

for participation bias in UKB.

Figure 1. We modeled the participation liability !∗ on the entire 
sampling frame with a linear equation. W is a centered design matrix 
containing k covariates and # is a normal random error. The multiple linear 
regression estimator of $, %$, can be inferred from marginal linear 
regression estimator, &$. &$ is a function of the marginal logistic regression 
estimator, '(, and we can directly calculate '( from data (see Figure S2).

Future directions
• Apply Heckman correction on more GWAS, check the 

pattern for different traits.

• Look into other approaches to justify and improve our 

participation liability estimation.

Supplementary Material

Data
• Sampling weights were used to predict participation in 

four optional components4 of UKB baseline study.

• Heckman correction was applied on self-conducted 

GWAS of educational attainment (EA).

Sampling weights can predict participation in UKB 
optional components

Figure S1. Sampling structure of the UKB. The frame population 
contains about 9,000,000 individuals, but due to various reasons only 
500,000 of them joined the study.
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Results
• Our sampling weights can predict UKB optional 

components participation status (Table 1).

• We saw a very minor reduction in heritability after 

applying Heckman correction on EA GWAS (Figure 2 
and Figure 3).
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A binary variable / represents whether a population unit is 
in the sample:

GWAS model:
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Participation liability model:
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Suppose #3 and =3 follow a bivariate normal distribution:
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Table S1. Distributions of various features among UKB invitees and 
participants. Adapted from Web Table 2, Fry et al. (2017).

Estimate participation liability from 
marginal distributions of covariates

Table 1. We ran logistic regression of option components participation status on sampling weights. The direction of 
effect size estimate aligns with our expectation, as a larger sampling weight should imply lower participation likelihood.  
P-values are all significant, and AUC are all above 50%. AM: aide memoire, FFQ: food frequency questionnaire, MHQ: 
mental health questionnaire, PAS: physical activity study.

Heckman correction on EA GWAS

Figure 2. Manhattan plot for regular EA GWAS. Phenotype 
definition follows from the EA3 GWAS5; covariates include age, 
sex, batch, and first 20 genetic principal components. h2=0.1466.

Figure 3. Manhattan plot for EA GWAS after Heckman correction. 
Adjusted for the same set of covariates as in regular EA GWAS.  
h2=0.1406, rg with regular EA GWAS is 0.9972.

Estimate SE P-value AUC N

AM -0.106 0.003 2.042E-217 0.549 407727

FFQ -0.042 0.004 1.814E-26 0.534 270926

MHQ -0.044 0.004 9.688E-25 0.527 240933

PAS -0.027 0.005 2.974E-08 0.521 191668


